In the context of the adoption at the 16th Conference of the Parties in 2010 on the REDD+ mitigation mechanism, it is important to obtain reliable data on the spatiotemporal variation of forest carbon stocks and changes (called Emission Factor, EF). A reoccurring debate in estimating EF for REDD+ is the use of existing field measurement data. We provide an assessment of the use of commercial logging inventory data and ecological data to estimate a conservative EF (REDD+ phase 2) or to report on EF following IPCC Guidance and Guidelines (REDD+ phase 3). The data presented originate from five logging companies dispersed over Gabon, totalling 2,240 plots of 0.3 hectares.We distinguish three Forest Types (FTs) in the dataset based on floristic conditions. Estimated mean aboveground biomass (AGB) in the FTs ranges from 312 to 333 Mg ha −1 . A 5% accuracy is reached with the number of plots put in place for the FTs and a low sampling uncertainty obtained (± 10 to 13 Mg ha −1 ). The data could be used to estimate a conservative EF in REDD+ phase 2 and only partially to report on EF following tier 2 requirements for a phase 3.
Introduction
Emissions from deforestation and forest degradation are known to be important contributors to human induced climate change. During the 1990s, the combined effects of logging, clear-cutting, and forest regrowth on abandoned land are estimated to have released an amount equivalent to 10-25% of total annual anthropogenic emissions of 2 International Journal of Forestry Research CO 2 [1] [2] [3] [4] . Recent estimates are lower however; both as original methodologies have been revised and as the emissions from fossil fuel combustion have risen steeply, with the relative contribution of CO 2 emissions from deforestation and forest degradation estimated at 12% of total annual anthropogenic emissions of CO 2 for 2008 [5] . Nonetheless, deforestation is the second most important human induced source of CO 2 to the atmosphere after fossil fuel combustion [5] . Under the Kyoto Protocol, reducing emissions from tropical deforestation and forest degradation (also known as REDD+) cannot be credited in the first commitment period (up to 2012).
Significant moves forward were made in developing REDD+ at the 15th and Decision 4/CP.15 states that countries will have to use the most recent Guidance and Guidelines of the Intergovernmental Panel on Climate Change (IPCC), as adopted or encouraged by the COP, as a basis for estimating anthropogenic forest-related greenhouse gas (GHG) emissions by sources and removals by sinks, forest carbon stocks, and forest area changes (Decision 4/CP.15 Paragraph 1(c)). Estimating emissions and removals by sinks will have to be done in an adequate, consistent, complete, and transparent manner and be applied to the five carbon pools that will have to be measured and reported (these being aboveground biomass, belowground biomass, deadwood, litter, and soil organic matter) [6] .
It is expected that REDD+ countries will have to provide estimates on forest carbon and forest carbon stock changes by 2012, when the Kyoto Protocol is expected to be replaced by the new agreement encompassing REDD+. 2012 is very close, and countries will be under pressure to provide the appropriate data in time if they wish to participate in the REDD+ mechanism.
A key task is the analysis of spatiotemporal variation of forest carbon stocks stored as vegetation biomass in tropical forests in line with the IPCC Guidance and Guidelines and the relevant COP Decisions on REDD+. Obtaining sufficient ground data to do so can be an expensive and timeconsuming undertaking. One of the recurring debates in measuring forest carbon stocks and forest carbon stock changes for REDD+ is the use of existing field measurement data. These mainly consist of data collected for scientific research purposes (ecological data), detailed but sparse in a given country, and commercial forest inventory data for logging purposes (inventory data) that cover large areas but are often less detailed for carbon studies. However, the latter might provide a basis for data acquisition and analysis on forest carbon stocks in REDD+ countries. Commercial forest inventory data have been used in several studies to estimate aboveground biomass (AGB) in tropical forests (e.g., [7] [8] [9] ), yet to date they have not been evaluated in the context of REDD+ and reporting requirements under the UNFCCC.
In addition to the data that REDD+ participating countries need to produce or obtain to report for REDD+, there is a need for improved and more accurate methods of determining tropical forest biomass and understanding its spatial distribution. Most studies on AGB and carbon content have been conducted in the Brazilian Amazon and in SouthEast Asia, resulting in a considerable gap in knowledge and understanding of AGB patterns for sub-Saharan Africa. This is particularly the case for the Congo Basin Forest, the second largest tropical forest block in the world after the Amazon forest.
At the time of writing, the REDD+ context and methodological implications are still very new and in development. In this context, and following the IPCC Guidelines, the REDD+ COP Decisions and considering the gaps in AGB estimates for the Congo Basin Forest, the overarching goal of this paper is to identify the challenges in using commercial forest inventory data to report on forest carbon stock and forest carbon stock changes for REDD+. Our specific objectives are (i) to estimate one of the five carbon pools identified by the IPCC (AGB, frequently the largest pool) using existing commercial forest inventory data, (ii) to evaluate the estimated AGB in terms of precision, accuracy, and uncertainty, and (iii) to assess if this type of data could be used by countries to produce a conservative Emission Factor in phase 2 of a phased REDD+ and/or to report on Emission Factors following at least tier 2 requirements (see next) for a third REDD+ phase. The analysis will focus on data from Gabon as a case study in the Congo Basin Forest region.
Study Framework

Some Key Concepts regarding REDD+, MRV, and the IPCC.
With regards to land use, and land use change and forestry (LULUCF), five forest-related activities have been identified in the REDD+ context (Decision 1/CP.16 III C): (i) deforestation, (ii) forest degradation, (iii) conservation, (iv) sustainable management of forests, and (v) enhancement of forest carbon stocks.
The simplest and most commonly used methodological approach to quantify emissions and removals for a national GHG inventory presented in the IPCC Good Practice Guidance [10] is the combination of (i) the extent to which human activities take place, which for REDD+ applies principally to forest area and forest area change (called activity data or AD) with (ii) coefficients that quantify the emissions or removals per unit activity, which for REDD+ applies principally to forest carbon stocks and forest carbon stock changes (called emission factors or EF). The basic equation is therefore
A country will have to report on carbon stock changes (emissions and/or removals by sinks) only if these are human induced. In that respect the IPCC advises the use of the "managed land" concept as a proxy to discriminate human induced emissions. Only changes in managed land will have to be estimated and reported. The commercial forest inventory data are ideal in this sense, as they would be considered as "managed" land and cover important forest surfaces of many tropical forest countries.
Producing the national GHG inventory can be done at three different levels of accuracy and methodological complexity which are called "tiers." Tier 1 is the basic method and uses default values obtained from the IPCC Emission Factor Database; tier 2 is the intermediate and improves on tier 1 by using country-specific data; finally tier 3 is the most demanding in terms of complexity and data requirements. Tiers 2 and 3 are generally referred to as the "higher-tier" methods and are generally considered to be more accurate. It is considered good practice to apply the higher-tier methods to key categories, unless the resource requirements to do so are considered prohibitive [6] . Following the most recent IPCC guidelines [6, 10] and the REDD+ COP Decisions, the minimum objective of countries that wish to participate in a mitigation mechanism (such as REDD+) under the UNFCCC should be to compile a national GHG inventory with estimates of carbon stock changes with a known certainty and accuracy (tier 2 or tier 3 level).
In order to meet these criteria, a country will need to have (i) country-specific estimates of EF, including the five IPCC carbon pools, (ii) multitemporal inventory data, and (iii) uncertainty estimates with any data reported. The IPCC indicates that a quantitative uncertainty analysis should be performed by estimating the 95% Confidence Interval (CI) of the emissions and removals estimates for individual categories and for the total data collection method. Furthermore, it is good practice that estimates respect the "conservativeness principle," that is, when completeness or accuracy of estimates cannot be achieved, the reduction of emissions (for REDD+ based on forest carbon stock and forest carbon stock change estimates) should not be overestimated, or at least the risk of overestimation should be minimized [11] . For a brief overview of the IPCC's methodological approach in relation to REDD+ and forest inventories specifically, we refer to [12] .
As indicated in the COP16 Decision (Decision 1/CP.16 III C Paragraph 73), REDD+ will be implemented in phases to allow countries to participate in the mechanism while taking account of their national circumstances. Most countries interested in REDD+ are currently in the first phase: the development of national strategies or action plans, policies and measures, and capacity building. Following this, two more phases will take place: (i) the implementation of national policies and measures and national strategies or action plans that could further involve capacity building, technology development and transfer and results-based demonstration activities and (ii) evolving into results-based actions that should be fully measured, reported, and verified ( Figure 1 ). As stated previously, the third aim of this paper is to evaluate if and how commercial forest inventory data can be used to support any of these phases, especially the last two.
Logging Context in Central Africa and Gabon.
The key factor driving forest fragmentation and degradation, and thus the key to near-term management of forests in Central Africa and in particular Gabon, is now commercial logging. With a land area of approximately 26.8 million ha, Gabon is the least densely populated country in Central Africa with approximately 1.5 million inhabitants and an average of 5 persons per square kilometre [13] . Gabon's forests, which cover an estimated 77% of its land surface, contain over 400 species of tree, with approximately 100 species suitable for commercial purposes. Commercial exploitation began around 1882, and in 1913 Okoumé (Aucoumea klaineana Pierre), Gabon's most valuable wood, was introduced to the international market. Forestry was the primary source of economic income until about 1968 when the industry was supplanted by crude oil as a source of foreign exchange. Gabon's small population, combined with high revenues from oil production and high operating costs, has sheltered its forest resources from demographic, agricultural, and industrial pressures [14] .
Gabon's tropical timber exports reached a peak of 1.9 million m 3 in 2007, declined to 1.8 million m 3 in 2008 and increased slightly in 2009. It is now the largest exporter of tropical hardwood of the region, and it is the International Tropical Timber Organization's (ITTO) third largest exporter of tropical logs (unprocessed/raw logs). However, Gabon's log exports are expected to plummet in 2010 following the implementation of the log export ban [15] .
Methods
Study Sites.
The field measurement data presented here originates from five different logging companies operating in the central area of Gabon (Figure 2 ), totalling ten logging concessions. Each of the management inventories was undertaken by the same study bureau (Sylvafrica, Gabonhttp://www.onfinternational.org/en/onfi-abroad/sylvafric. .html). Hence the methodologies used across the concessions are as consistent as possible. Species were determined in the field using pilot names that were related to their scientific names using a database developed by Sylvafrica.
Two Different Data Sets
Dataset 2: Ecological Data.
In order to evaluate the accuracy of AGB estimates and account for smaller diameter classes (10-17.5 cm) in the commercial inventory plots, we used and analysed 25 permanent "ecological plots". These are located in concession 9, have an area of 0.25 ha (50 m × 50 m) and were measured in 2002. In contrast with the commercial forest inventory plots, no subplots were used in the permanent ecological plots. All trees above 10 cm were measured and species were identified carefully.
Classification of Forest
Types. The data set extends over the dense forests of Gabon. The concession boundaries have been drawn based on administrative regulations and as such do not represent ecological zones and/or regions. Therefore, analysing the AGB of the forests by concession has little ecological relevance. In scaling up AGB estimates, it would be more useful to stratify the forests based on their floristic composition to provide more detailed information on the variability of its forest carbon stocks. Here we explore and demonstrate how such a stratification can be undertaken with commercial inventory data. To classify these forests into distinct forest types (FTs) using the percentage frequency/abundance for all families present in each plot, we applied agglomerative hierarchical clustering (AHC) using XLSTAT. The clustering analysis was done at the family level rather than at the species level to avoid uncertainties of species identification during the inventory. Depending on the objectives, using a clustering analysis based on extensive field data can provide a better representation of the forests than existing general stratifications or phytogeographical classifications.
An AHC analysis queries clusters without any previous understanding of the number of groups or their structure. For every iteration of the algorithm, the two nearest clusters are merged. AHC requires the definition of two elements which are (i) a measure to compute the distance between each pair of individuals and (ii) an agglomerative criterion that can be seen as a distance between two clusters. For the former we used Euclidean distance as a dissimilarity measure. For the latter we used Ward's method for agglomeration (which consists of fusing the two clusters that minimise the increase in the total within-clusters sum of squares). Different truncation levels were used, and finally three FTs were retained as lower truncation levels (using more FTs did not provide more ecological insight).
Estimating Aboveground Biomass
Step 1: Allometric Equation and Input Variables. To calculate the AGB of the plots, we used the allometric equation for "moist forest" stands provided by Chave et al. [16] including the Correction Factor for the back transformation from the log-log to the exponential form (see (7) and Table 4 in [16] ):
where σ is 0.356, ρ is wood density in g m −3 , and DBH in centimetres. The AGB estimate is then in kg, which is converted into Mg ha −1 . Average wood density of the species present in the field inventories was found at species level or genus level, as genus level has been found to be representative of species-level wood density [17, 18] using the wood densities in the Global Wood Density Database [19] and wood densities derived by Maniatis et al. [18] for 248 species. For the other 83 species where no representative information could be found, the average value of the 248 species was used (in this case 0.624 with a standard deviation of 0.153 g cm −3 ).
Step 2: AGB Calculations for the Inventory Plots. To calculate the AGB per unit area for each 0.3 ha plot (a) and all subplots with different area sizes and measuring DBH from different size classes, we applied a ratio-based correction, using Matlab to automate the process:
where Sp is the subplot, a, a 1 , a 2 , and a 3 are the areas for the plot, subplot 1, 2, and 3, respectively. dclass1Sp1 is the biomass of all the trees that fall into diameter class 1 for subplot 1, dclass2Sp2 for the trees that fall into diameter class 2 for subplot 2, and so forth. The diameter classes are as follows: dclass1 = 17.5 − <37.5 cm (assigned tree DBH ranges: 20-25-30-35 cm); dclass2 = 37.5 − <57.5 cm (assigned tree DBH ranges: 40-45-50-55 cm); dclass3 ≥ 57.5 cm (assigned tree DBH 60 cm and above). Note our distinction between three broad diameter classes (defined in the previous sentence) and the diameter windows of 20.0 ± 2.5 cm, 25.0 ± 2.5 cm, and so forth.
Step 3: AGB Calculations for the Ecological Plots. The AGB for the ecological plots is calculated as described in Step 1.
Step 4: Evaluating Uncertainty on Tree-Level AGB Estimate. There are two main sources of error and uncertainty for the tree-level AGB estimate: (i) the measurement error (σ M ) and (ii) the uncertainty surrounding the choice of allometric equation (σ A ) [20] . When scaling from a tree AGB estimate to a plot AGB estimate, the measurement error declines with increasing number of trees sampled. The allometric equation uncertainty, however, can either be a precision error (individual trees have a form differing from the mean tree form) that declines with increased tree sample size or a systematic (accuracy) error that persists independent of sampling size (the mean tree form in the study area is different from that assumed in the allometric equation). We assume that the measurement and the allometric uncertainties are independent sources of variability. Monte Carlo simulations were used to simulate the parameters to calculate σ M and σ A [21] . The errors in trunk diameter and density measurement all result in an error in estimating the AGB taken from an allometric model. We denote the standard error associated with the diameter measurement as σ D . We assume that the largest source of error here arises from the assignment of diameters into 5 cm windows, rather than any direct measurement error. As it was not possible to remeasure a subset of the trees, we took the "noted" diameter and assumed that the errors in diameter followed a centred normal distribution with a standard deviation of 2.5 cm (the error is assumed to be equal to the diameter windows).
Errors for wood density mainly arise from misidentification of the tree or a variation of wood density within or among conspecific trees [22] . In commercial forest inventories species are often determined approximately, and the use of pilot names may include several species. We used the individual tree wood densities and assumed that the errors in International Journal of Forestry Research 7 wood density followed a centred normal distribution with a standard deviation of 0.1 g cm −3 . 5,000 trees randomly selected from three concessions from the original dataset were used for the simulation for σ M using (2) . For each tree, the error in diameter and wood density was simulated 1,000 times (assuming independent normal distribution of errors). In other words, we varied ρ and DBH at random for each tree 1,000 times. Tree AGB was calculated with the simulated diameters and wood densities (1,000 values). We also calculated the "original" AGB for each tree, in other words, the AGB of the tree using the original diameter and wood density value.
To evaluate the error in tree AGB resulting from the allometric equation, we varied only ε (in (4)) assuming a centred normal distribution with a mean of 0 and a standard deviation of 0.356 (residual standard error of the equation, see Chave et al. [16] ). The same trees and number of simulations (1,000) were used as described above:
Step 5: Estimating AGB between 10-17.5 cm. Not accounting for smaller diameters can considerably underestimate plot level AGB. To correct for this, we used the data of the 25 permanent plots in concession 9. Equation (2) was used to calculate AGB. Wood density was treated as explained above. We estimated the percentage of AGB in trees from 10 cm to 17.5 cm to total plot AGB in order to be able to correct for the missing diameters between 10 cm to 17.5 cm in the inventory data. We did not estimate AGB for trees smaller than 10 cm. However, this could be done down to 2 cm DBH using biomass expansion factors such as the ones developed, for example, by Henry et al. [23] .
Step 6: Estimate of Plot Level AGB. To calculate the plot level AGB we applied (i) (3) and (4), (ii) the simulations described in step 4 on all trees for all plots, and (iii) the correction factor for the missing diameter classes resulting from step 5 in all plots. Hence, plot level AGB was simulated 1,000 times for all 2,240 plots using (4) through a Monte Carlo approach in Matlab (by varying epsilon, ρ, and DBH simultaneously). We regard these values as the most representative of their "true" precision and accuracy and therefore report these values. We also compare these values with the original AGB plot calculation by applying (i) (2) and (3) without random errors and (ii) the correction factor resulting from step 5 on all plots.
Statistical Analyses.
Even though one could expect a normal distribution of AGB given that the overall plot size is greater than 0.25 ha [20, 24] were used with a pairwise comparison to test relationships. Uncertainties are reported at 95% Confidence Intervals.
The minimum number of sampling plots (n) required to estimate AGB at a certain accuracy level for each of the concessions was calculated as follows [25] :
where C is the coefficient of variation, e is the required accuracy, and t is the Student's t at the nominated probability level and the appropriate number of degrees of freedom (in this case 95%; two-tailed t = 1.960).
Results
Forest Types.
Three FTs resulted from the agglomerative clustering analysis based on family abundance ( Figure 5 ). Figure 6 shows how these are distributed over the concessions. The FTs can be described as follows using the In the dominant families in FT 1, the main species with relative proportions over 6% in the three dominant families are Santiria trimera (13%), Coula edulis (11%), Aucoumea klaineana (9%), and Diogoa zenkeri (7%)-together comprising 40% of the species in the three families. FT 2 is largely dominated by Okoumé (Burseraceae) (24% in itself of all species of the three dominant families) which is a pioneer species. The species with a relative abundance over 6% in the three dominant families of FT 3 are Santiria trimera (8%), Scorodoploeus zenkeri (7%), Julbernadia pellegriniana (7%), and Dialium angolense (6%)-together making up 29% of the species in the three families. Based on the species that compose the dominant families, FT 3 is probably the least disturbed forest.
AGB Calculations.
For the 25 permanent plots of 0.25 ha 2,836 trees were measured. These plots had an average AGB of 485 ± 27 Mg ha −1 (note that, unless otherwise specified, with ± in the text we denote the standard error). The average percentage of plot AGB in trees between 10 cm-17.5 cm to total plot AGB is 16 ± 1 Mg ha −1 (4%). A correction of 4% of total plot AGB was applied to total plot AGB of the inventory plots to correct for these initially unaccounted small diameter classes.
For the commercial inventory plots, 2,240 plots of 0.3 ha were measured, totalling 675 ha and 48,310 trees (value not adjusted for missing diameter classes). These plots are distributed over a total area of 1,374,414 ha spread across the country (Figure 1 ). We find that σ M = 0.68 AGB and that σ A = 0.42 AGB . Therefore, the uncertainty of AGB estimation of a single tree is 110% of the estimated AGB, partitioned into 68% due to the measurement uncertainty and 42% due to the allometric model. At the stand level, the random aspect of measurement errors tends to cancel out, however. The precision of the allometry at the stand level is high; however the accuracy is lower. Furthermore, we observe that the simulated plot AGB is on average 3 Mg ha −1 (1%) lower than the "original" plot AGB (i.e., the simulations are slightly biased by 1%). We report the simulated AGB as they correct for the 5 cm diameter windows, uncertainties in wood density and the allometry and allow us to take the AGB variability better into account. The mean AGB for FTs 1, 2, and 3 are 333 ± 7 Mg ha −1 , 312 ± 7 Mg ha −1 and 324 ± 5 Mg ha −1 , respectively. The mean "original" and "simulated" AGB per concession and FT, together with the mean of all plot AGB, are presented in Table 1 . No relationship was found between small tree AGB, medium tree AGB, and large tree AGB (AGB in diameter classes 1, 2, and 3, resp.) in the commercial inventory plots.
There is a significant difference in AGB between FTs 1 and 2 and FTs 2 and 3 (P < .05), reflecting the floristic composition of the FTs as described above. In terms of average wood density there is a difference between all the FTs (P < .05). However, wood density is higher in FTs 1 and 3 than in FT 2 (Table 1) , again reflecting the floristic composition of the forest. This difference is not observed for DBH (Table 1 ). The lower wood density could explain the lower AGB in FT 2.
Taking the diameters above 17.5 cm for both the permanent and commercial forest inventory plots in concession 9, on average, the total number of trees measured is slightly lower (23%) in the inventory plots (187 ± 3 trees ha −1 -adjusted per plot by adapting equation (3) to diameter instead of AGB) than in the permanent plots (243 ± 2 trees ha −1 ). However, it appears that the range of the number of trees measured in the commercial forest inventories is much larger (9-443 trees ha −1 ) than in the ecological plots (164-328 trees ha −1 ). All plots  408  102  2,240  1  448  112  217  2  354  89  267  3  480  120  70  4  411  103  147  5  343  86  147  6  367  92  178  7  440  110  164  8  320  80  70  9  399  100  578  10  374  94  412  FT 1  476  119  766  FT 2  407  102  589  FT 3 343 86 885 
Accuracy and Uncertainty.
The number of plots that have been put in place for each concession is systematically higher than that requested to attain a 10% accuracy level, and in some cases even a 5% level ( Table 2 ). The numbers of plots put in place for the FTs are all higher than requested to attain than the 5% accuracy level. The uncertainty of the AGB in total and per FT is low (Table 3 ).
Discussion
Data Challenges for Emission Factors for REDD+.
Our analyses show that commercial forest inventories are potentially useful for the estimation of the AGB forest carbon stock pool. However, we have shown that a number of factors limit their utility. The main practical challenges for a country to use these data to (i) produce conservative EF estimates for a phase 2 implementation of REDD+ and (ii) to report at a tier 2 on EF for phase 3 are the following.
(1) A "formal" agreement between a government and the logging companies/study bureaus will have to be established for handover of the data.
(2) The data will need to be in their "raw format" so they can be adequately analysed.
(3) If different field methodologies have been used these will have to be harmonized and standardised.
(4) Smaller trees (e.g., at least up to a lower limit of 10 cm DBH) need to be measured. If not, a suitable correction will need to be applied.
(5) In many commercial forest inventories, the diameter is measured but not noted, and instead trees are placed in diameter classes (e.g., of 5 cm).
(6) The data provide information on one carbon pool only (AGB).
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(8) Plots are usually not permanent and not tagged making it difficult to revisit plots for additional measurements either to improve the estimates or to measure a carbon stock change after logging activities.
(9) A country will have to report on its entire managed forest land, meaning on its different forest types. Commercial forest inventory data often only cover dense forests. Countries will still have to report other forest types and hence find or produce data on such other forests.
Forests and AGB.
Forest stratification affects the values a country could report on of forest carbon stock and forest carbon stock changes. Many forest stratifications are coarse and often largely based on remote sensing data and analysis. We have shown that, with this dataset, it is possible to propose a forest stratification that reflects the floristic composition of the forest and can reflect forest ecology (e.g., FT 2 is indicative of a disturbed forest and is dominated by the pioneer species Okoumé). As they cover vast percentages of many countries' forest land, commercial forest inventory field data can be used to improve existing forest stratification maps [28] [29] [30] so that in the future they may be used as the basis for a more robust forest stratification to estimate forest carbon stock and carbon stock changes. In our case study of Gabon, we estimated uncertainties introduced by omitting small trees, by using 5 cm diameter window, by misidentification and through its effects on wood density and by variations in the allometry. We find that the inventory AGB estimates presented (324 Mg ha −1 ) fall within the upper range of studies that have been previously conducted for sub-Saharan tropical African forests ( [8] Regarding the accuracy of the AGB estimates between the inventory plots and the ecological plots, we note that AGB in the ecological plots is higher (485 Mg ha −1 ) than in the inventory plots (324 Mg ha −1 ). This could be a result of two factors: (i) the implementation of the measurement method used by Sylvafrica (set up in this manner for very different purposes indeed) and (ii) the fact that the "ecological" plots we used for the analysis were consciously placed in "undisturbed primary" forest (with a distance rule of being at least 100 m to 150 m from roads) and may have a "majestic forest bias" in plot location. The former are assigned GPS coordinates in the office which the field teams are guided by for the actual field measurements. Measuring plots which are on steep slopes, rocky surfaces, near rivers, and so forth can result in a lower plot biomass and fewer trees measured. In order to really evaluate the accuracy of the differences in AGB values, the number of trees measured in different diameter ranges, and their effect on AGB, some "pseudo-" ecological plots would need to be randomly distributed over a large area, without targeting a specific forest type.
Comparing the number of trees measured in the permanent plots to the inventory plots for the same concession (concession 9), the number of trees recorded in the inventory plots appears to be 23% less than the number recorded in the ecological plots on a per-hectare basis. These are mainly in the smaller diameter classes, although a few big trees could also make the difference. This could be due to two factors. First, during the measurements in the inventory plots, some trees may have been missed during the measurements (in addition to those not measured in the last two diameter windows). Second, the difference could simply be due to landscape/vegetation differences as is the case for biomass.
As with many forest inventories, the diameter of the trees is not explicitly measured and noted, rather, only the diameter window is noted. If one assumes that the diameter distribution is exponential, taking the centre of the diameter window instead of the mean diameter in the window could result in a systematic overestimation of AGB [33, 34] , the latter reporting a 3% overestimation.
Due to the large number of plots that are put in place for commercial field inventory data, the accuracy of the AGB estimates appears to be better than 5% for all FTs. Similarly, the sampling uncertainty associated with the data is low.
We observed that average wood density was significantly different for each of the FTs, with a higher wood density for FTs 1 and 3 (which are more indicative of a primary forest) than FT 2 (which is indicative of a more open and/or degraded forest), also resulting in a lower AGB in FT 2. Although a full ecological analysis is beyond the scope and purpose of this paper, this result merits some attention as it could suggest that wood density of the FTs is influenced by environmental variables and/or could reflect historic land use activities and changes. A more detailed ecological study is underway to test for relationships between wood density and variables such as soil type and historic land use in the Congo Basin Forest [34] .
What Is Possible or Necessary to Use Inventory Data for REDD+?
The main limitation to respond to tier 2 requirements for a third phase of REDD+ using commercial forest inventory data does not seem to be country-specific data or accuracy (remember the three requirements listed in Section 2.1)-rather, it is the lack of multitemporal inventory data and data on forest carbon stock changes that present the biggest challenge. Multi-temporal data has two main purposes: first to provide information on forest carbon stock changes due to anthropogenic activities and second to study forest dynamics. Quantifying forest carbon stock changes due to logging activities is important information for an REDD+ country to report on EF. In this respect, a formal collaboration with logging companies to measure forest carbon stock changes (for all relevant carbon pools) in the field would provide valuable data for carbon stock and carbon stock change estimates due to logging and different logging practices. In theory, one option would be that if a same concession has previously been logged and the previous field inventory can be found, a comparison of the two forest carbon stocks in the same concession could provide a forest carbon stock change estimate or at least a preliminary assessment. In practice, unfortunately, the obligations for management inventories in Central Africa are recent, and it is questionable if this could be done.
Another challenge to respond to tier 2 requirements for a phase 3 is to obtain estimates for EF for the five carbon pools, of which AGB only represents one. To be able to provide conservative EF estimates for the second REDD+ phase, a country could use already established equations to estimate the carbon in the other four pools based on AGB. For example, allometric equations are often used to calculate the belowground biomass as a proportion of the aboveground biomass [35] . However, in order to respond to tier 2 requirements and/or a phase 3, countries would have to produce data to calculate a dynamic EF for AGB and the other four carbon pools with associated known uncertainties and accuracies.
The essence of the above is that, by knowing the error, accuracy, and uncertainty related to the AGB estimates, a country can make an informed decision on how conservative the values for forest carbon stocks will be that they report to the UNFCCC Secretariat for REDD+. Based on this data only, Gabon could, for phase 3, put forward a value of 324 Mg ha −1 for the forest carbon stock in the AGB carbon pool in its dense forests with a 5% accuracy. For a second REDD+ phase, Gabon could use a general value of 324 Mg ha −1 for its forests. In this phase, it is optional for the country to include accuracy and uncertainty estimates for EF. However, we suggest that it is good practice to do so when and where possible. This would allow the country to be conservative and accurate in this second phase using existing and readily available data, whilst giving itself the opportunity to improve these data, collect additional data to fill the gaps, and fully prepare the country for the third phase which will be reported and verified.
Conclusion
Reliable AGB estimates for Central African and Gabonese forests that reflect the heterogeneity of the landscape are generally scarce. Tropical forest countries that wish to participate in a mitigation mechanism such as REDD+ will have to provide data in the near future (∼2012) on forest carbon stocks and forest carbon stock changes while following IPCC Guidelines and the relevant REDD+ COP Decisions. In this context, we set out three specific objectives in the introduction of this paper.
The first one was to estimate AGB using existing commercial forest inventory data. We found that the fully corrected mean AGB in the FTs ranges from 312 Mg ha −1 to 333 Mg ha −1 in Gabon. Secondly, we evaluated the estimated corrected AGB in terms of accuracy and uncertainty. We demonstrate that although the variability in AGB estimates is high, due to the large number of plots in each FT, the estimates for the FTs and almost all concessions have 10% accuracy and a low uncertainty (± 10 to 13 Mg ha −1 ).
Finally, we questioned whether the data could be used to report on EF at a tier 2 level (phase 3) and/or to estimate a conservative emission factor in phase 2 of a phased REDD+ implementation. We find that the data could be used to produce a very conservative EF estimate for a second REDD+ phase. If one was more confident about the accuracy of the AGB values and forest carbon stocks, this data could partially respond to tier 2 requirements for a phase 3.
It is evident from our analysis that several potential REDD+ countries will face data quality and quantity challenges to report on EF for the MRV-able phase 3. On one hand, available "ecological data" might be both precise and accurate but can often not be regarded as representative of the forest types. On the other hand, inventory data may be less precise and less accurate, but can be considered as representative of the forest types. Either way, our analysis has shown some of the major caveats of using commercial forest inventory data and/or ecological data to estimate AGB to report on EF following tier 2 requirements for phase 3 of REDD+. Subsequently, it may be desirable and in the medium term more cost-effective for certain REDD+ countries to undertake targeted fieldwork to produce specific data on EF to report to the UNFCCC Secretariat (cf. [12] ). With less than one year to go before 2012, REDD+ countries will have to evaluate and decide soon what the best approach is for them to be able to report on EF following tier 2 requirements. If they decide to collect additional data and/or implement national forestry inventories specifically for this aim, the key questions will be as follows: (i) what resources are available; (ii) what in-country capacity is available to do so; (iii) how much time will be needed; (iv) as a result of that, what data compromises will have to be made for what phases.
The issues addressed in this paper also require some thought on how the scientific community could contribute towards optimizing existing data for REDD+ and how to help produce data in the appropriate format. In a first instance, there is a need for capacity building within this community to understand IPCC reporting requirements for REDD+ and how it may contribute to help REDD+ countries overcome these challenges. The scientific community could also provide tools to, for example, create a system to homogenise estimates between different commercial forest inventories, create decision tree rules to choose the most appropriate allometric equations and understand gaps and target methodological development to help REDD+ countries reach tier 2 reporting requirements for the MRV-able third phase of REDD+.
In conclusion, we believe that our analysis has illustrated the opportunities and challenges to use commercial forest inventory data to report on EF in an REDD+ context under the UNFCCC and the urgency of acquiring suitable data in a suitable format.
